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Abstract 
Geographical distribution of health outcomes are influenced by socio-economic and environmental factors operating at different 
spatial scales. Geographical variations in relationships between them can be revealed with a semi-parametric geographically 
weighted poisson regression (sGWPR), which is a mixed model than can combine geographically varying and geographically 
constant parameters. To decide if a parameter associated with a variable should vary geographically or not, two models can be 
compared: a model where all parameters are allowed to vary geographically and a mixed model, where all but one (the parameter 
under evaluation) parameters are allowed to vary geographically. If the difference between Aikaike’s Information Criteria (AICc) 
is larger than 2, the model with lower AICc is selected. However, delivering model selection exclusively to AICc measure might 
hide important details in spatial variations of ecological associations, especially in situations where the difference between 
models is marginal. We propose to assist the decision by using a linear model of coregionalization (LMC), a geostatistical tool 
originally developed for geosciences. Here we show how the LMC can refine sGWPR analysis on ecological associations 
between socio-economic and environmental variables and low birth weight outcomes in the west north central region of Portugal. 
 
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of Spatial Statistics 2015: Emerging Patterns committee. 
Keywords: geographically weighted regression, coregionalization model, ecological associations 
 
 
* Corresponding author. Tel.: +351-218417441; fax: +351-218417389. 
E-mail address: maria.pereira@tecnico.ulisboa.pt 
© 2015 Published by Elsevier B.V This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of Spatial Statistics 2015: Emerging Patterns committee
54   Manuel Castro Ribeiro et al. /  Procedia Environmental Sciences  26 ( 2015 )  53 – 56 
1. Introduction 
To measure geographical relationships between environmental factors and public health are an important 
challenge [1,2] and a critical part in epidemiology science. In ecological analysis, where unit of observation are 
aggregated groups of individuals, assessment of associations (in a frequentist perspective), are typically carried 
through regression models like Binomial, Poisson, quasi-Poisson, Negative Binomial, or autoregressive models like 
simultaneous or conditional models [3,4]. These models assume a geographically stationary process of random 
effects and may fail to capture geographical variations in ecological associations. To cope with spatially non-
stationary processes, geographically weighted regression (GWR) approaches have been proposed [5], including a 
geographically weighted poisson regression (GWPR) approach, which is more appropriate for ecological analysis of 
health outcomes. To accommodate situations where some covariate effects (parameters) may not vary 
geographically, a semi-parametric model specification has been proposed by Nakaya [6] as an extension of the 
geographically weighted poisson regression (sGWPR). Decision to consider that a parameter associated with a 
variable should vary geographically or not follows a rationale similar to the one used in a stepwise regression model 
selection process where model with lower Akaike Information Criteria (AIC) is selected. Delivering the choice of 
model selection exclusively to AIC measure might hide important details in spatial variations of ecological 
associations, especially when difference between models AIC is marginal (close to 2). To overcome this we propose 
to assist the decision by using a linear model of coregionalization (LMC), a geostatistical tool originally applied in 
geosciences[7–10], while first steps are being taken in spatial epidemiology [11]. Based on potential of LMC to 
refine model selection process in sGWPR, we analyzed spatial patterns of ecological associations between low birth 
weight (birth weight < 2500gr) outcomes and socio-economic and environmental factors in the west north-central 
region of Portugal where most of resident population, industries and heavy traffic are located. 
2. Data 
The west north-central region of Portugal has a maximum extent of 415 kilometers in north-south direction, 183 
kilometers in east-west direction, and a total area of 33 061 km2. It embraces three major cities, Lisboa in the south, 
Coimbra in the center and Porto in the north, and several average and smaller cities with different socio-economic 
levels and cultural contexts. The data analyzed in this study are rates of low birth weight (LBW) observed by 
county, in west north-central region of Portugal, in period 2003-2009. Low birth weight is one of the most common 
pregnancy outcomes studied as a proxy for infant mortality or morbidity [12].  
Annual counts of LBW by 5-year maternal age-groups (15-19, 20-24, …, 45-49 years) and by county (n=167) 
were supplied by the Statistics Portugal. To account for different age-structure populations in the prevalence of 
LBW, we analyze the standardized prevalence ratio of LBW (Observed/Expected nr of LBW prevalence) using the 
indirect method of adjustment. We included proportion of preterm births (duration gestation<37 weeks), proportion 
of young (<20 years) or advanced (>34 years) maternal age, proportion of home ownership and purchasing power 
index, by county as explanatory variables related to socio-demographic and economic factors. We included total 
nitrogen dioxide (NO2) emissions as an explanatory variables related to environmental exposure. It is known from 
literature review  [13–15] that all these variables are risk factors for LBW. 
3. Methods 
We used geostatistical multivariate analysis and a geographically weighted regression model approaches to agree 
a final spatial regression model. We described spatial variability computing simple variograms of each variable and 
cross-variograms of each pair of variables, by fitting a linear model for the spatial covariance patterns of variables, 
known as linear model of coregionalization (LMC). Then, we fitted a semi-parametric geographically weighted 
Poisson regression (sGWPR) to data, which is a mixed model than can combine geographically varying and 
geographically constant parameters. Model selection was performed using corrected AIC (AICc). Refinement of 
these results was achieved by taking into account LMC results to agree a final model. Statistical analysis was 
performed using R version 3.1.1 (The R Foundation for Statistical Computing) and ArcGis 10.1 SP1 for Desktop 
(Esri, Redlands, California, USA). 
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4. Results 
4.1. Spatial continuity 
We estimated simple and cross-variograms with the method-of-moments estimator that enabled us to identify a 
nugget effect and two major spatial scales, likely corresponding to two distinct spatial processes with different 
ranges: a substantial nugget-effect found in all but home ownership and total NO2 emissions variables; a smaller 
spatial scale (up to 90 km range) mainly made up of variability found at LBW, preterm birth, maternal age <20 or 
>34 and purchasing power index; and a larger spatial scale up to 160 km more exuberant in cross-variograms. 
Assuming these spatial processes act additively we set a LMC using a nested function that included a nugget-effect, 
a smaller scale modeled with an Exponential function with 90 kilometers range and a larger scale modeled with a 
periodic function with 160 km range. From LMC results we analyzed the matrices (one by spatial scale) defined by 
variogram models coefficients (also known as coregionalization matrices) to assess:  
x Contribution of each spatial scale to overall variance; 
x Contribution of each spatial scale to each variable’s variance; 
x Contribution of each spatial scale to covariance between explanatory variables and LBW. 
Results on these contributions are presented in Table 1. They suggest different geographical patterns of 
ecological associations with LBW: home ownership and total NO2 emission are related to LBW up to larger ranges, 
while remaining variables are more related to LBW at smaller ranges. 
Table 1. Proportion of variance accounted for each spatial scale, overall (first row) and by variable (rows 2-7) and proportion 
of covariance (in brackets) accounted for each spatial scale between explanatory variables and LBW 
 Nugget (0 km) Smaller (<90 km) Larger (<160 km) Overall 
Overall variance 0.413 0.519 0.068 1 
LBW 0.491  0.477 0.032 1 
Preterm birth 0.600 (0.466) 0.337 (0.450) 0.063 (0.084) 1 (1) 
Maternal age <20 or >34 0.686 (0.237) 0.228 (0.683) 0.086 (0.080) 1 (1) 
Home ownership 0.144 (0.208) 0.791 (0.683) 0.065 (0.159) 1 (1) 
Purchasing power index 0.513 (0.208) 0.449 (0.649) 0.038 (0.144) 1 (1) 
Total NO2 emissions 0.160 (0.104) 0.723 (0.670) 0.117 (0.226) 1 (1) 
 
4.2. Spatial regression 
We fitted spatial regression models to data. We considered different local bandwidths and used a Gaussian 
Kernel function to build spatial weights matrices, to estimate parameters for a full GWPR model (all parameters are 
allowed to vary geographically) and for several sGWPR models. To assess models goodness-of-fit, we computed 
AICc measure. A common rule-of-thumb in the use of AICc is that if the difference in AICc values between two 
models is less to or equal to 2 there is no substantive difference between their goodness-of-fit [6]. In the light of 
model results (Table 2) we could carry our analysis considering a semi-parametric model where all but total NO2 
emission could be held constant. However, in the light of spatial continuity results (Section 4.1) we can argue that 
geographical relationships between LBW and home ownership varies over space since spatial variability pattern 
(non-nugget effect part) contributes to explain 85% of home ownership variability and spatial covariance between 
home ownership and LBW contributes to explain 79% of their covariance. So, we can claim that these results point 
to a considerable geographical variation in their relationship, and we consider, in our model specification (results not 
shown here), that relationship between LBW and home ownership varies over space, despite better fit provided 
when home ownership was held constant (Table 2, AICc improved 3.25 in relation to full GWPR). 
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Table 2. Bandwidths selected and AICc values by model, and difference between AICc of sGWPR and full GWPR 
Model description Bandwidth (in Km) AICc Difference 
Full GWPR 89 273.35 0.00 
sGWPR (proportion preterm birth held constant) 83 269.23 -4.12 
sGWPR (proportion maternal age <20 or >34 years held constant) 80 263.75 -9.60 
sGWPR (proportion home ownership held constant) 86 270.10 -3.25 
sGWPR (purchase power index held constant) 88 267.88 -5.47 
sGWPR (total NO2 emissions held constant) 82 278.66 +5.31 
 
 
5. Conclusions 
Adding a coregionalization model in analysis contributed to assist later decisions in the specification of the mixed 
model and to uncover details on ecological associations between proportion of home ownership and prevalence of 
low birth weight, which had not been considered using AICc measures. This result enriched indications over 
different regional contexts governing distribution of low birth weight prevalence in the west north-central region of 
Portugal. 
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